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Abstract
White sand vegetation communities are wide spread across South America; found in Peru,
Venezuela, Brazilian Amazon and Guyana. They are distributed in patches ranging from <1 km2
to greater than tens of square kilometers and their origins and locations are still not well
understood. The communities are related to a variety of factors (soil type, flooding, nutrient
content and fire); hence a precise definition for the ecosystem is still not fully defined.
Nevertheless, the result of these variations creates a unique environment for endemic plant and
animal species to thrive. Furthermore, analysis of these areas has been very scattered and
identification of local white sand areas (<1 km2) have not been accomplished. In addition,
identification of these locations has currently only used optical satellite imagery (Landsat,
MODIS). Hence, in this project, we have attempted to use synthetic aperture radar to create a
classification system to locate the white sand vegetation systems. The goal is to be able to apply
this method to identify white sand vegetation distribution across South America.
The region of focus for this thesis has been in Aracá, a large white sand area located in Brazil in
the State of Amazonas. Due to the lack of ground reference data, a classified map by Capurucho
et al. (2013), generated using Landsat data, was used as a comparison and reference. JAXA’s
ALOS-1 PALSAR (L-band), ESA’s Sentinel-1A (C-band) and NASA’s SRTM sensors were
used for land classification. As microwave signals penetrate clouds and haze, the advantage of
using sensors with this wavelength allows for an unobstructed coverage of the landscape all year
round. Different combinations of polarizations and wavelengths were used during the analysis to
try and separate the white sand vegetation from water and terra firme forest. The resulting
classification images showed a 30% agreement with the classification map by Capurucho et al. It
is important to note, that this number is in fact an agreement percentage as the map used was a
classification image and coarse in resolution (due to the lack of reference data). Therefore, this
value does not imply a bad classification. Future work will include time-series data, precise
ground reference points and data from other sensors such as ALOS-2 PALSAR, to improve the
classification accuracy.

	
  

3	
  

The City College of New York

Assessing the Utility of Imaging Radar for
Identifying White Sand Vegetation Structure

	
  

Table of Contents
1

Introduction .........................................................................................................6
1.1

White Sand Vegetation.................................................................................6

1.2

White Sand Community Definition..............................................................7

1.3

Vegetation Structure ....................................................................................9

1.4

Study Sites ....................................................................................................9

2

Datasets .............................................................................................................11
2.1

Radar Interactions with Surfaces................................................................11

2.2

ALOS-1 PALSAR ......................................................................................12

2.3

Sentinel-1A.................................................................................................13

2.4

SRTM .........................................................................................................14

3

Methods .............................................................................................................15
3.1

Reference Map ...........................................................................................15

3.2

SAR Datasets..............................................................................................16

3.3

Creating Statistical Layers and Decision Trees..........................................17

4

Results ...............................................................................................................19
4.1

Analysis of SAR Backscatter Statistics ......................................................19

4.2

Decision Tree Classification ......................................................................22

4.3

Supervised Classification – Maximum Likelihood ....................................25
4.3.1 Sentinel-1A........................................................................................25
4.3.2 ALOS-1 PALSAR .............................................................................27
4.3.3 Multiple Sensors ................................................................................29

4	
   	
  

The City College of New York

Assessing the Utility of Imaging Radar for
Identifying White Sand Vegetation Structure

	
  

5

Discussion .........................................................................................................31
5.1

Classification Comparisons ........................................................................31

5.2

Classification Accuracy..............................................................................34

5.3

Seasonality .................................................................................................36

5.4

SRTM Dataset ............................................................................................37

6

Conclusion/Future Work ...................................................................................38

7

References .........................................................................................................39

	
  

5	
  

The City College of New York

Assessing the Utility of Imaging Radar for
Identifying White Sand Vegetation Structure

	
  

1

Introduction

White sand vegetation is a complex biological system, having been originally defined as areas on
soils consisting of pure quartz sand (Anderson 1981) with vegetation growing in a nutrient
deficient environment. This original definition has since then been modified to encompass a
wider range of factors related to soil composition, nutrient deficiencies among others; however, a
precise categorization is still not defined. The origin of these biomes is under debate, however in
the review paper on white sand vegetation by Adeney et al. (2016), the current theories for their
origins vary from the soils in the Rio Negro basin originating from the Guiana shield and
Roraima Sandstone formation (fluvial deposits), to paleodunes (aeolian deposits) and a third
theory proposes fluvial deposits left by ancient rivers. Studying these biomes is important as the
unique habitats existing in these areas support endemic vegetation and animal species. In a study
by Borges (2004) in Jaú National Park, some bird species were exclusively found in the shortest
white sand vegetation community and not the white sand forests, emphasizing the endemic
nature of these habitats. Many regions of white sand vegetation in the Amazon Basin have still
not been identified due to the large scale of the basin and the areal dispersement of the white
sands habitats. It is therefore crucial to be able to identify these areas remotely using airborne
and spaceborne sensors. Previous work related to mapping of white sands vegetation
communities using remote sensing datasets has only been done using optical sensors (Adeney
2009, Capurucho et al. 2013) -- an approach which presents challenges because of the inability
of optical wavelengths to penetrate clouds. Imaging radar - Synthetic Aperture Radar (SAR) - is
sensitive to vegetation structure and biomass: different wavelengths are sensitive to different
types of vegetation structural components and vertical sections of forests. SAR is also sensitive
to surface and vegetation moisture and the presence of inundation. Furthermore, SAR is able to
provide more reliable coverage for mapping and monitoring compared to optical sensors due to
SAR’s ability to penetrate clouds. In this research we focus on using SAR datasets to identify
white sand regions and develop a classification method using this data that could eventually be
used to locate white sand vegetation across the Amazon Basin.
1.1

White Sand Vegetation

White sand vegetation communities can be found across tropical regions. In South America, they
are found in the Amazon Basin as well as on the east coast of Brazil (de Arujo et al. 2008). In the
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basin, they are located in Brazil, Venezuela, Peru, Colombia, French Guiana, Guyana and
Suriname and are said to occupy approximately 5% of the Amazon region (Adeney et al. 2016).
As can be observed in figure 1 (Adeney 2009), the communities are found in locations where
precipitation exceeds about 2000 mm per year. Flooding varies between high water tables to
seasonal flooding and short vegetation experience longest inundation. The soils of white sand
vegetation communities are extremely nutrient deficient, with low concentrations of organic
matter and a high level of acidity. The reason for this composition is soil leaching and
podsolization. This is the process where organic matter is leached from the upper layer leaving
the sandy layer behind and accumulating matter in the lower layers. This process can also create
a hard pan that prevents drainage and affect the hydrology and the landscape.

Figure 1: Precipitation map of the Amazon Basin watershed showing the distribution of white-sand
and other open vegetation ecosystems. White sands communities occur in areas with annual rainfall
exceeding about 2000 mm. The black box indicates the location of this study. [Source: Adeney et al.
2016]

1.2

White Sand Community Definition

White sand vegetation has been formerly classified as vegetation overlying pure quartz sands,
where even the smallest amount of clay in the quartz soil would change the character of the
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vegetation (Anderson 1981). Since originally studied, it has been found that not all vegetation
growing on quartz sand will grow as white sand vegetation and that similar vegetation structure
can be found on soils that are not on pure quartz soil (Adeney et al. 2016). In some areas,
drainage can be a greater factor affecting the vegetation than the soil type. Factors controlling the
presence of white sand ecosystems are: flooding, soil type, fire and nutrient scarcity. Also,
although being called “white sand vegetation,” white sand soils are not necessarily present in all
such vegetation communities. The consequence of lack of nutrients results in sclerophyllous
vegetation (plants having hard leaves and short internodes) and fewer woody species per hectare.
Terra firme forests have up to 300 tree species per hectare compared to only 100 tree species per
hectare for white sand vegetation (Adeney et al. 2016). Terra firme communities are also never
flooded and are located on higher ground, sometimes on the tops of hills, with the white sands
located in neighboring valleys that often flood during the wet season (Sanford 1989). In a study
in the white sand communities in Peru, it was found that 114 out of 221 floristic species only
occur in white sand communities and were not present in terra firme forests (Fine et al. 2010).

a	
  

b	
  

c	
  

d	
  

Figure 2: Photographs of the classes that have been used for classification. a) Campinarana (white sand
forest) b) Campina (white sand scrubland) c) Terra firme forest d) Open water (Rio Negro). [Sources:
a,b: Eduardo Prata (INPA, Brazil) c: The Nature Conservancy d: Framepool]
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The nomenclature of the white sand vegetation varies depending on authors and regions. The
terms used in this thesis, derived from Brazilian terminology, are ‘campina’ (shrubs, <10%
vegetation cover) and ‘campinarana’ (white sand forests). Figure 2 shows what the different
classes used in the classification looks like.
1.3

Vegetation structure

White sand vegetation follows a progression in vegetation height and structure. According to
Adeney (2009), the shortest vegetation, with the most exposed soil is the campina, which consist
of lichens, grasses, small bushes and sedges. The vegetation cover here is less than 10%. This is
followed by small shrubs and trees that are <7 m tall. This merges into low woodland with trees
less than 12 m tall. The woodland then converts more to campinarana, which have trees that are
around 20 m tall. Despite the forested structure, there is significant light penetration, which
creates significant amounts of leaf litter on the forest floor, covering the underlying soil. This
then progresses into terra firme forest (Adeney 2009). Despite there being more than two
categories within the white sands community, for this study the white sand vegetation was
broken down into two categories: the campina and campinarana.
1.4

Study Sites

The area under this study is focused around Rio Aracá and Rio Branco (in this text the area will
be referred to as Aracá). The coordinates for this location are: 0o32’43.00”N, 63o27’14.00”W.
The area is in the State of Amazonas, north of Manaus along the Rio Negro, close to the border
of Venezuela and the State of Roraima (figure 3). The rivers mentioned above are the main
streams in the region. The patches of white sand vegetation span around 33,000 km2 and are one
of the largest areas of this biome in the region. The Tepuis Mountains are located just north of
the white sands vegetation with elevations up to 1000 m, however the elevations in the white
sand area only range between 40-80 m above sea level. Capurucho et al. (2013) estimates that
white sand ecosystems occupy about 45% of the area. Temperatures average 27oC per year and
the average annual precipitation is around 2500 mm. The wet season spans between March and
October and the dry season is from November to February. The location experiences seasonal
flooding of 1 m or more (Adeney 2009). The white sand vegetation is a mixture of both campina
and campinarana surrounded by terra firme forest.
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Figure 3: Landsat mosaic from Google Earth showing the State of Amazonas and State of Roraima
where the study site is located. The river flowing NW-SE across the map is the Rio Negro with Rio
Amazonas flowing SW-NE. The Blue box indicates the study site. [Source: Google Earth, image year:
1969]
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2

Radar Datasets

Microwave Synthetic Aperture Radar datasets were used in this project as a new method of
identifying these vegetation communities. In previous work, datasets from optical sensors such
as MODIS and Landsat have been used for the classification of white sand communities
(Capurucho et al. 2013), measure flood dynamics in Aracá (Adeney 2009) and to locate them
among the terra firme north of Manaus using visible and near-infrared (NIR) (Roberts et al.
1998). However, these optical/NIR data are affected by clouds and haze and in tropical locations
in particular where cloudy conditions persist during much of the year. This constitutes a serious
limitation and reduces the utility of multi-temporal data acquisitions. Clouds are transparent to
long wavelength microwave energy and thereby microwave remote sensing allows more
consistent and frequent observations of the Earth’s surface, potentially increasing the utility of
multi-temporal data sets. Furthermore, the sensitivity of microwaves to soil moisture and open
water surfaces allows microwave data to identify inundated areas much more effectively than
optical data, in particular at longer radar wavelengths. The goal in using SAR is to capitalize on
these properties to support the mapping of the white sand vegetation communities that are
located within terra firme forests.
2.1

Radar Interactions with Surfaces

Microwave radar functions by emitting pulses of energy at the microwave frequency (the exact
frequency depends on specification). Once the pulse reaches an object, it is reflected back
towards the sensor and registered as ‘backscatter’. Less reflective objects will return weaker
signals.
Different wavelengths will interact with surfaces differently. For example, shorter wavelengths
may observe surfaces as rough, whilst larger wavelengths may see the same surface as being
smooth. This is important as different sensors may observe the vegetation structure in different
ways and emphasize certain features that might not be observed by another sensor. Different
polarizations will also react differently to the same surface. HV polarization is more sensitive to
woody biomass structure, whilst HH polarization is more sensitive to surface inundation
(summarized from Lillesand et al. 2015). Specific parts of vegetation respond to radar waves
differently. Different types of scattering are observed: volume scattering, double-bounce
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scattering, canopy/ground scattering and surface scattering from the ground and which one
predominates depends on the size of the plant components with respect to the incoming
microwave. Furthermore, in inundated areas, double-bounce scattering is crucial in
distinguishing non-flooded from flooded forests. Dihedral, or so-called “double-bounce”
reflection between surface water and tree trunks increases the backscatter magnitude, creating
high intensity areas in the satellite imagery (Rosenqvist et al. 2002). C-band wavelength (3-5 cm)
interacts mostly with forest canopies as the wavelength is around the same length as the leaves
and L-band (23 cm) will penetrate the canopy and sense the tree trunks and tree limbs. Figure 3
describes the interactions of different wavelengths with an Austrian Pine; however, the concept
can also be applied to tropical vegetation. With increasing wavelength, the radar will observe
fewer details of the tree and more of the tree trunk and will penetrate deeper into the forest
structure.

Figure 4: The different interactions of different microwave wavelengths for an
Austrian pine. With increasing wavelength, the amount of detail seen by the
wave decreases. [Source: Kellndorfer 2013 and A. Roth, MFFU Sommerschule
2000]

2.2

ALOS-1 PALSAR

The Advanced Land Observing Satellite (ALOS), developed by the Japan Aerospace
Exploration Agency (JAXA), was launched in January 2006 and was active until 2011. It orbited
at an altitude of 691.65 km in a polar sun synchronous orbit with a repeat cycle of 46 days. The
Phased Array L-Band SAR (PALSAR) operated with a (center) wavelength of 23.6 cm and 14and 28-MHz bandwidths. In this project, the image modes used have been the 28 MHz fine beam
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single (HH) polarization and fine beam dual (HH/HV) polarization modes, each with a swath
width of 70 km and off-nadir angle of 41.5o and 34.3° respectively. The modes have a ground
resolution of 10x10 m and 10x20 m respectively. The PALSAR product used in this study was a
high-resolution radiometrically terrain corrected product from the Alaska Satellite Facility
(ASF), with a pixel spacing of 12.5 m.

Figure 5: RGB composite of fine beam dual polarization PALSAR mosaic over Aracá during
the wet season 2010. R: HH G: HV B: HH-HV. [Source: Alaska Satellite Facility]

2.3

Sentinel-1A

The European Space Agency’s (ESA) Sentinel-1A was launched in April 2014. At an altitude of
~700km, and it has a repeat cycle of 12 days. It operates at 5.405 GHz (Schubert et al. 2015).
There are 4 different acquisition modes available, however, the interferometric wide swath (IW)
was chosen, as it is the mode most commonly used by ESA over land. The IW’s swath width is
250 km and the spatial resolution is 5x20 m (single-look). The image is captured through 3 subswaths with the TOPSAR (Terrain Observation with Progressive Scans SAR) technique. The
product used is the level 1 ground range detected product which has been multilooked, detected
and projected onto the ground range using an Earth ellipsoid model. The product pixel resolution
is 40 m and the resolution is 88x87 m. The polarizations were VV and VH. The images were
downloaded, they were radiometrically and geometrically corrected using ESA’s Sentinel-1
Toolbox available to download free online.
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Figure 6: RGB composite of Sentinel-1A (IW acquisition mode) from the wet
season 2015 over Aracá. The Rio Negro can be seen in the bottom left corner. R: VV
G: VH B: VV-VH [Source: Scientific Data Hub]

2.4

SRTM

NASA’s Shuttle Radar Topography Mission (SRTM) was launched in February 2000 on the
space shuttle Endeavor and sensed Earth for 11 days. It collected single-pass interferometry data
at C-band wavelength, covering 80% of the world’s surface. The instrument used dual antennas
separated by a mast. The interferometric radar data supported development of a large scale
Digital Elevation Model (DEM) (Farr et al. 2007). The resulting DEM is not a true bald Earth
representation, however it does show the surface elevation combined with some measure of
vegetation height (Kellndorfer et al. 2004). The DEM data are available at 90 and 30 m
resolutions.

Figure 7: SRTM 30 m resolution over Aracá, taken in February 2000. The elevation
has been scaled to be between 0-150 m. [Source: Google Earth Engine]
14	
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3

Methods

3.1 Reference Map
Due to a lack of ground reference points, a classified map from the paper by Capurucho et al.
(2013) was used for comparison and used as a ‘baseline map’. The map was first digitized in
QGIS Desktop 2.12.3 by superimposing the map over the satellite images used for this analysis.
Tie-points were created at numerous locations to align the map to the satellite imagery as
accurately as possible and to transform the reference map into the same projection and datum as
the SAR datasets. Initially, the GIS program could not correctly register the classes in the
digitized baseline map. The resulting image had over 100 classes due to each vegetation type
having gradients of the color within each initial class. Therefore, regions of interest
corresponding to the same classes outlined in Capurucho et al. were created over the digitized
map. Supervised maximum likelihood classification was then performed so that the different
classes in the original map could be recognized in the program used for analysis. Regions of
interest for terra firme (TF), campina, campinarana, water and any sample sites present on the
map were created in ENVI 4.7 and a maximum likelihood supervised classification was carried
out to create the baseline map. The image was also downscaled from 109 m to 30 m pixel size to
match the pixel resolution of the SAR images. The satellite images were not rescaled as they had
already been resampled previously. The accuracy map was finally cropped to remove the overlap
between regions that did not have overlap of all the stacked radar images. Figure 8 shows the
original classified map by Capurucho et al. where the classification was performed using Landsat
TM5 data from 2000.

Figure 8: Original classified map of Aracá by Capurucho et al. (2013) based on low cloud cover Landsat TM5
data from 2000 and using 200 ground reference points. The letter AR in the image represent some of the sample
points [Source: Capurucho et al. 2013]
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3.2

SAR and SRTM datasets

ALOS PALSAR data from both the wet and dry season were used for the analysis (table 1). For
each season we used 6 tiles to cover the entire region to create one large image of the wet and
another for the dry season. Due to the nature of the acquisitions, the 6 tiles were not obtained on
the same day. The area consisted of 3 vertical strips along which the data were acquired.
Therefore, each mosaicked image is a result of three different dates listed in the table below. The
Sentinel-1A image used was acquired during the wet season (May 8th 2015) for both VV- and
VH-polarization.
ALOS-1 PALSAR

Sentinel-1A

L-band

C-band

Wavelength
Polarizations

HH + HV

Pixel Spacing
Season

HH
12.5 m

VV + VH
40 m

Wet Season

Dry Season

Wet Season

Jul 28th 2010

Dec 27th 2009

May 8th 2015

Aug 14th 2010

Jan 13th 2010

Aug 31st 2010

Jan 25th 2010

Table 1: List of acquisition dates for ALOS-1 PALSAR and Sentinel-1A data. Each 6-tile PALSAR
mosaic of the wet and dry season consists of three different dates due to the nature of the satellite
acquiring data in vertical strips. Dual polarization was available for the wet but not the dry season for
PALSAR. Dual polarization was available for the Sentinel-1A image. The Sentinel-1A image covered
the entire region in one scene. [Source: ASF for the PALSAR data and Science Data Hub for the
Sentinel-1A data]

SRTM data is only available from the flight made in February 2000 (dry season). The 30 m (1
arc sec) resolution image over the entire focus area was downloaded from Google Earth Engine
as one image, with elevations scaled from 0-150 m to enhance the lower elevated regions in the
area. All the images from the different sensors were layer stacked and resampled to a 30 m pixel
size in ENVI 4.7. The stacked image was then cropped to only include the overlapping areas of
all three datasets and facilitate post classification analysis.
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3.3

Creating Statistical Layers and Decision Trees

Prior to analyzing the separability between the vegetation classes, the satellite images had to be
layer stacked in order for them to have the same pixel resolution and projection. One SRTM
image, three PALSAR images (HH (wet season), HH (dry season) and HV (wet season)) and two
Sentinel-1 images (VV and VH) were stacked. The resulting pixel size was 30 m; up-scaling the
PALSAR (12.5 m) and downscaling Sentinel-1 (40 m) to the pixel size of the SRTM. The
occurrence texture function in ENVI was used to generate the mean and variance (variance was
only used to generate the standard deviation layers) at 3x3, 5x5 and 11x11 kernel sizes. The
standard deviation and coefficient of variation were then manually calculated using the band
math function for each of the three different scales.
RGB images of PALSAR’s HH-, HV-polarizations and HH-HV subtraction were then inserted in
the red, green and blue channels respectively to create a better visual distinction between the
vegetation. The regions of interest (ROIs) were created based on both visual interpretation and
the baseline map by Capurucho et al. The different ROIs were: campina, campinarana, terra
firme (TF), water and flooded areas (This last class was not mentioned in the paper, however, the
temporal radar data seemed to show a fluctuation in water in some areas, hence was included.).
Different water ROIs were also created based on the Rio Negro and Rio Aracá: the reason being,
the two rivers showed some variation in backscatter due to the different widths of the river
channels (figure 9).

Figure 9: Regions of interest superimposed over PALSAR HH-pol (wet season) image. Yellow:
campina, orange: campinarana, green: terra firme, dark blue: water (Rio Aracá). Arrow points to ROI
	
   of flooded class that is overlaps with water (Rio Aracá). Water (Rio Negro) is not observed in this17	
  
image. [Source: ASF]
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As in Ulaby et al (1986), histograms of the SAR data for different vegetation were produced for
comparison. As the decision tree method in ENVI involves inserting one’s own thresholds, this
idea was implemented to create histograms from the backscatter information from the ROIs. The
histograms were also used to correct any ROIs that were misclassified. As the areas of the
different classes were of different sizes, the frequencies for the backscatter values of each class
were normalized to 1 so that they could all be stacked on the same graph (see figure 10 and 11).
Histograms for the coefficient of variation, standard deviation and the mean were generated for
the different scales and polarizations. From there, the graphs showing the best separation of one
or more classes were chosen and used as thresholds (e.g. greater or less than, between two
particular values).
The method for generating the decision trees was a trial and error process. The 5 layers with the
best separation for one or two classes were chosen to be used in the decision trees. The structure
of the tree followed a process of elimination, where each node used one statistical layer with a
particular separation for a class so that the backscatter values within that threshold could be
separated from the others and classified. Four different decision trees were created and each
followed the same order of separation with the difference being the combinations of layers and
the thresholds used. The optimal order for the trees began by separating water from the rest of
the classes as the mean backscatter of water in the VV-polarization was clearly separated from
the rest in the histogram. For the flooded class, the HH(dry) – HH(wet) layer was used with a
specific threshold to separate it from the other classes. The second node was either to separate
the terra firme class or another water body. The third node was to separate the two white sand
vegetation classes. Any other order resulted in diminished agreement.
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4

Results

The following sections show the results of the backscatter statistics which formed the basis of the
decision tree. This is followed by the results of the decision tree classifications that is based the
thresholds from the outcome of the histograms. Also included in the results is the supervised
maximum likelihood classification that was carried out to compare it both to the decision tree
method and to the baseline map that used an optical sensor for its classification.
4.1

Analysis of Backscatter Statistics

As mentioned in section 3.3, the mean, coefficient of variation and standard deviation were used
to determine separability between classes. When the histograms for the classes were created for
the two textures, the results showed little to no separation between the classes (figure 7). The
separations did not improve at different scales or polarizations; hence the textures were discarded
in the decision tree process.
a	
  

b	
  

Figure 10: a) Standard deviation texture of HH-polarization during the wet season, size of
kernel 5x5 pixels b) Coefficient of variation texture of HH-polarization during the dry season
using a 3x3 kernel

The remaining backscatter statistic was the mean at different scales and polarizations. A total of
22 different layers were generated and histograms were created for each to find the layers with
the best separation between classes and the final results are presented in figure 11 and 12.
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a	
  

b	
  

c	
  

d	
  

e	
  

Figure 11: Histograms of the classes at different polarizations. The vertical scale is normalized to
1. ‘TF’ stands for terra firme a) PALSAR HH-polarization during the wet season using an 11x11
pixel size box. b) HH-polarization from the dry season using the same kernel size as a. c)
PALSAR HV-polarization from the wet season using 11x11 kernel size. Graph included for
comparison of vegetation with other wavelengths and polarizations d) Sentinel-1A VHpolarization during wet season. Graph included for comparison of vegetation with other
wavelengths and polarizations e) Sentinel-1A VV-polarization during the wet season. Kernel size
used is 5x5.
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Figure 11 and 12 shows the ranges for the various regions of interests at different polarizations or
band subtractions. All the histograms were normalized for easier comparison. In figure 11a, the
mean values for HH-polarization (L-band) during the wet season have been calculated using an
11x11 kernel size. Individual ROIs were picked for the two different rivers. The difference in
backscatter of these ROIs is due to the different widths of the rivers. Rio Aracá is a narrow river
(~100 m wide); hence other pixels might have been included in the ROI, affecting the
backscatter results. In figure 11b, HH-polarization (L-band) values for the dry season were
averaged over the same kernel size as figure 8a. Sentinel-1A’s C-band data was used in figure
11e, where the VV-polarization was averaged over a 5x5 kernel size. Figures 11c and 11d were
included here for comparing backscatter between cross-polarization and HH/VV-polarizations
but not used in the final classification due to the HH/VV-polarizations having better separation
between the classes overall. In figures 12a and b, subtractions were carried out between HHpolarizations of the wet and dry season and the HH and cross-polarization of the wet season. In
both instances, the mean values averaged over an 11x11 pixel window were used. The areas
identified as flooded have distinct separation in both figure 11a and 12b. Similarly, ‘Water (Rio
Negro)’ is clearly separated in both figure 11a and 11e, as is ‘Water (Rio Aracá)’ in figure 11e.
Terra firme vegetation was separable when backscatter values from the cross-polarization were
subtracted from the HH-polarization. The white sand vegetation frequently overlapped with
either one another or with terra firme vegetation making it difficult to distinguish them from the
other region of interests.
a	
  

b	
  

Figure 12: a) Subtraction of temporal PALSAR images; dry – wet, both HH-polarization. b)
Subtraction of PALSAR polarization; HH – HV both from the wet season
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4.2

Decision Tree Classification

The decision trees were derived to investigate using backscatter features described in the prior
section for landcover classification (figures 13-15). The child nodes where the conditions have
been satisfied are placed on the left hand side. The classified region has been cropped to
encompass the region that has been classified by Capurucho et al and to show more detail. The
major difference between each tree is the ROIs used to represent water regions. The first two
trees (figure 13) have used open water ROIs (rivers), the third flooded areas (figure 14) and the
fourth a combination of flooded and open water (figure 15). The reason for doing this was to see
if a) there were particular areas that seemed to change between the wet and dry season and b) to
see what type of water body might have been used in the baseline map to classify areas as water.
Thresholds were determined based on where the peaks were separated on the graph in relation to
the other classes. If a peak was isolated on one of the edges, e.g ‘Water (Rio Negro)’ peak in
figure 11e, the threshold would be calculated by adding or subtracting one standard deviation
value form the mean depending on whether the class was either less or greater than the other
classes. In the case of ‘Water (Rio Aracá)’ in figure 11e, the threshold to separate this class from
the rest was to add one standard deviation from the mean. If a peak was isolated between other
peaks like for the ‘campina’ class in figure 11a, the threshold would be the range between the
mean plus minus one standard deviation value. The kernel sizes were based on the paper by
Podest et al. (2002), where 3 different scales were used to aid in land classification. They were
also used to remove speckle from the image. The 3x3 and 5x5 were chosen, as they were the two
smallest settings possible for the kernel size. The 11x11 size was used, as we wanted to see how
a 330 m scale would enhance or decrease the separation of the different classes.
For the first and second decision trees (figure 13), the Sentinel-1A VV-polarization, PALSAR
HH-polarization and a difference of the PALSAR polarizations during the wet season were used
with the thresholds determined from the histograms shown in figure 11 and 12. The difference
between the first and second trees is the different ROIs used for water in the first parent node. To
change the conditions, the threshold was altered to agree with the statistics for the water body
used. In tree 1, the ROI over the Rio Negro is applied, whereas for tree 2, the ROI of Rio Aracá
is used. In comparing the two classified images, the map derived from the first decision tree
show no classified regions of water. The river channel is classed as ‘campinarana’ and the
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‘campina’ class is interspersed with ‘campinarana’. The density of the ‘campina’ class decreases
progressing down the image as ‘terra firme’ class takes over. An ‘island’ of terra firme is also
observed in the right side of the image. Conversely, when the ‘water’ class is classified based on
Rio Aracá, the resulting classification map shows a few areas within the ‘campina’ class
classified as ‘water’ as well as parts of the river channel which runs through the white sand
vegetation.

Key: Yellow: campina, Orange: campinarana, Green: terra firme, Blue: water (Rio Araca)
Figure 13: Decision tree 1 and 2. Top image is the classified result using the threshold for ‘water (Rio
Negro)’ in the first node. The bottom image is the result using ‘water (Rio Aracá)’ as the threshold for
water in the first node. All the other thresholds remained constant. In the bottom image, the river
channel has been classed as ‘water’ including some areas in the ‘campina’ classed regions. No water
has been classed in the top image. [Source: ALOS PALSAR and Sentinel-1A]

With the third decision tree, the HH-polarization from the wet season was still used to
distinguish the ‘campina’ from the ‘campinarana’, however, the ‘water’ class was replaced by
the ‘flooded’ class. From the histograms, the HH(d)-HH(w) graph shows a distinct separation for
the flooded class. Hence this threshold was used in the decision tree. The results show regions
below the terra firme ‘island’ being classified as ‘flooded’ and a few scattered regions in the left
side of the image.
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Key: Yellow: campina, Orange: campinarana, Green: terra firme, Blue: flooded
Figure 14: Decision tree 3 using the ‘flooded’ ROI instead of ‘water’ ROI. Areas in the bottom right
corner have a large expanse classed as flooded. The river has not been classed as flooded. [Source:
ALOS PALSAR and Sentinel-1A]

Key: Top: Yellow: campina, Orange: campinarana, Green: terra firme, Blue: water (Rio
Araca), Cyan: flooded Bottom: Yellow: campina, Orange: campinarana, Green: terra firme,
Blue: water (Rio Araca) + flooded
Figure 15: Decision tree 4. Top image have the ‘flooded’ and ‘water (Rio Aracá)’ classes separate. The
bottom image has combined both these classes to show the extent of all types of water bodies in the region
under study. [Source: ALOS PALSAR and Sentinel-1A]
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Decision tree 4 (figure 15) attempted to separate the ‘flooded’ class from the ‘water’ class, using
the water ROI based on Rio Aracá. An initial classification involved separating the ‘water’ class
and ‘flooded’ class as a separate node (which is now occupied by ‘flooded’). However, this did
not create good separation between the two water classes and hence the other simpler tree
method was chosen to produce the classified result below. The second image below the first in
figure 15 shows the extent of all water classes in the region by merging the two classes together.
4.3

Supervised Classification – Maximum Likelihood

In addition to the decision tree classifications, a supervised maximum likelihood classification
was performed for comparison. This supervised classification was chosen to compare the
agreement with the baseline map that was performed with the same method. Different
combinations of sensors, bands and ROIs were tested to evaluate the optimum composite. In all
the subsections, the combination of ROIs are: a) terra firme, campina, campinarana and ROI of
water measured from the Rio Negro (bottom left corner of the images) b) terra firme, campina,
campinarana, combined ROIs of water measured from Rio Aracá and flooded regions c) terra
firme, campina, campinarana and combined ROIs of the Rio Negro and Rio Aracá d) terra firme,
campina, campinarana, flooded areas and combined water ROIs as in c. For the Sentinel-1A
result, both polarizations (VV and VH) were included. For the ALOS PALSAR composites,
classifications were made based on 1) the wet season (including both HH and HV polarizations)
and 2) the wet and dry season (Including HH polarization for both periods and HV polarization
for the wet season. No cross polarization was available for the dry season). Some multi sensor
classifications were also carried out, where Sentinel-1A and PALSAR data were combined to
produce a classification image.
4.3.1

Sentinel-1A

The image used for the analysis was taken in May 2015 during the wet season. In figure 16a, the
river running through the white sand vegetation has been misclassified as ‘campina’ instead of
‘water’ and few areas and rivers have been classified as the latter using this ROI combination.
When a combination of the ROIs taken from the Rio Negro and Rio Aracá was used (figure 16c),
the river channel in the white sand regions was classified as ‘water’ along with patches among
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the ‘campina’ classified areas to the east. The ‘flooded’ category was based on the very distinct
patches of white sand vegetation that changed in backscatter between the dry and wet season
(through observation of the PALSAR images). When ‘water (Rio Aracá)’ and ‘flooded’ classes
are combined (figure 16b), there is a predictable increase in the area of water. If the ‘flooded’
class is separated from the ‘water’ class used in figure 16b, the majority of the locations in the
left side of the image have now been classified into the ‘flooded’ category rather than the ‘water’
class. There are also no areas classified as ‘water’ or ‘flooded’ in terra firme dominated regions.

Key: a) green: terra firme, blue: water (Rio Negro), yellow: campina, orange: campinarana b) green:
terra firme, blue: water and flooded areas, yellow: campina, orange: campinarana c) green: terra firme,
blue: water (combined ROIs from Rio Negro and Rio Aracá), yellow: campina, orange: campinarana
d) green: terra firme, blue: water (Rio Negro + Rio Aracá), yellow: campina, orange: campinarana,
cyan: flooded
Figure 16: ML supervised classification over the entire Aracá region (~200 km W-E and ~120 km NS) and not only the area covered by the baseline map (black box) using Sentinel-1A VV- and VHpolarization data. When ‘water (Rio Negro)’ is used as the water class (a), hardly any areas are
classified as water. When the water class uses ‘water (Rio Aracá) or flooded, a large area is now
classed as ‘water’ or ‘flooded’. [Source: Sentinel-1A]
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4.3.2

ALOS-1 PALSAR

Key: a) green: terra firme, blue: water (Rio Negro), yellow: campina, orange: campinarana b) green:
terra firme, blue: water (Rio Aracá) and flooded areas, yellow: campina, orange: campinarana c)
green: terra firme, blue: water (combined ROIs from Rio Negro and Rio Aracá), yellow: campina,
orange: campinarana d) green: terra firme, blue: water (Rio Negro+Rio Aracá), yellow: campina,
orange: campinarana, cyan: flooded
Figure 17: ML supervised classification over the entire Aracá region (~200 km W-E and ~120 km NS) and not only the area covered by the baseline map (black box) using PALSAR data; HH- and HVpolarizations from the wet season. More area is classified as ‘water’ in (a) compared to figures 15a and
16a. Less area is classed as ‘water’ to the east compared to the Sentinel-1A ML classification (fig. 15
and 16). [Source: ALOS PALSAR]

The class categorization is the same as that for Sentinel-1A. The river channels in all four images
are dominated by campinarana vegetation that gets seasonally inundated. Compared to the
Sentinel-1A classification maps, the PALSAR maps appear less grainy, especially in the areas
classified as terra firme. As in the Sentinel-1A image, the river channels in both figure 17a and
figure 18a are both classified as ‘campina’ and not ‘water’. However, unlike the Sentinel-1A
maps, the maps for both HH + HV and HH(wet) + HH(dry) +HV(wet) do not clearly classify the
river channels as ‘water’ but instead are placed in the ‘campina’ class, regardless of how the
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‘water’ ROIs have been defined. Comparing figures 16c with 17c, the PALSAR data classifies
more areas as ‘water’ than the Sentinel-1A map whilst lesser areas on the right side of the image
in 17b are classed as ‘water’ when compared to figure 16b. For both combinations of
polarizations with the PALSAR classification map, when both the ‘flooded’ and ‘water’ classes
are included, the majority of the areas that used to be classified as ‘water’ have now been classed
as ‘flooded’, whereas this is not the case when using Sentinel-1A images for classification.
Another observation is the lack of areas classified as ‘water’ in figure 18c, when the dry season
layer is added in the analysis. This layer combination does appear to be more sensitive to
detecting flooded areas than the wet season-only polarization combination.

Key: a) green: terra firme, blue: water (Rio Negro), yellow: campina, orange: campinarana b) green:
terra firme, blue: water (Rio Aracá) and flooded areas, yellow: campina, orange: campinarana c)
green: terra firme, blue: water (combined ROIs from Rio Negro and Rio Aracá), yellow: campina,
orange: campinarana d) green: terra firme, blue: water (Rio Negro+Rio Aracá), yellow: campina,
orange: campinarana, cyan: flooded
Figure 18: ML supervised classification over the entire Aracá region (~200 km W-E and ~120 km NS) and not only the area covered by the baseline map (black box) using PALSAR data; HH- and HVpolarizations from the wet season and HH-polarization from the dry season. Only small areas are
classified as water when using ‘water (Rio Negro)’ (a), and a very large area to the east is classified as
water when ‘flooded’ and ‘water (Rio Aracá)’ is included. The majority of that area seems to be
flooded and not a permanent water body (d). [Source: ALOS PALSAR]
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4.3.3

Multiple Sensors

In both figures 19a and 20a, most of the ‘water’ class has been eliminated during the
classification process. There is however a dramatic increase in the ‘water’ class when the flooded
region and Rio Aracá ROIs are included (figure 19b). Figures 19d and 20d show the majority of
the previously classed ‘water’ regions are now classed as ‘flooded’, similar to the maps of the
PALSAR classifications products. Overall, the Sentinel-1A/PALSAR map has larger areas
classified as ‘water’ or ‘flooded’, compared to the Sentinel-1A/HH/HV map. Both maps also
seem to base itself more on PALSAR data rather than the Sentinel-1A product.

Key: a) green: terra firme, blue: water (Rio Negro), yellow: campina, orange: campinarana b) green:
terra firme, blue: water (Rio Aracá) and flooded areas, yellow: campina, orange: campinarana c)
green: terra firme, blue: water (combined ROIs from Rio Negro and Rio Aracá), yellow: campina,
orange: campinarana d) green: terra firme, blue: water (Rio Negro+Rio Aracá), yellow: campina,
orange: campinarana, cyan: flooded
Figure 19: ML supervised classified map using PALSAR and Sentinel-1A data over the entire Aracá
area (black box is the baseline map area); HH- and HV-polarizations from the wet season and HHpolarization from the dry season (PALSAR) and VV-and VH-polarizations from the wet season
(Sentinel-1A). Large areas are classified as ‘water’ or ‘flooded’ in (b) and (d). Hardly any areas are
classified as ‘water’ in (a). [Source: ALOS PALSAR and Sentinel-1A]
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Key: a) green: terra firme, blue: water (Rio Negro), yellow: campina, orange: campinarana b)
green: terra firme, blue: water (Rio Aracá) and flooded areas, yellow: campina, orange:
campinarana c) green: terra firme, blue: water (combined ROIs from Rio Negro and Rio Aracá),
yellow: campina, orange: campinarana d) green: terra firme, blue: water (Rio Negro+Rio Aracá),
yellow: campina, orange: campinarana, cyan: flooded
Figure 20: ML supervised classified map using PALSAR and Sentinel-1A data over the entire
Aracá region (black box is the baseline map area); HH- and HV-polarizations from the wet season
and VV-and VH-polarizations from the wet season (Sentinel-1A). There is a slight decrease in the
area classified either as ‘water’ or ‘flooded’ compared to figure 19 but no other difference
observed between figure 19 and 20. [Source: ALOS PALSAR and Sentinel-1A]
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5

Discussion

5.1

Classification Comparisons

When visually comparing the decision tree classification with the supervised maximum
likelihood classification the decision tree shows more variation among the campina vegetation.
The river channel also shows lack of the ‘water’ class and white sand vegetation is classified
within the terra firme ‘island’. Conversely, the supervised method classifies areas more
uniformly, with that same white sand region being almost all predominantly ‘campina’. When
comparing it to the baseline map, the supervised map has a greater resemblance to the baseline
map than the decision tree. This is clearly due to the similar classification method used, but can
also be pertained to the coarseness of the decision tree method. The method used here was too
simple and with lack of clear separation between peaks in the histograms, the classes might not
have been clearly separated. Furthermore, no optimization was undertaken due to lack of data
layers used. In order to use a decision tree more successfully, less manual classifications will
have to be made when dealing with multiple datasets such as this one. Using only histograms for
separation and creating thresholds based on them was evidently not enough to create an accurate
classification. On the other hand, the supervised classification showed more promise as a result
of the program creating the thresholds and distinctions for the user.

Figure 21: Map reclassified so that the GIS program could identify the classes. Based on the original
map by Capurucho et al. (figure 8). Key: yellow: campina, ornage: campinarana, green: terra firme,
blue: water, black: sample points [Source: Capurucho et al. 2013]
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Comparing both styles of classification, including the reference map, to the image taken from
Google Earth, more detail among the different type of white sand vegetation can be seen. The
areas indicated with a red arrow have a darker color to them compared to the large white sand
patch which is shown by a black box in figure 22a. In the supervised classified images, these
areas with red arrows have been classed as either ‘water’, ‘flooded’ or ‘campina’. However, they
have a different color than the white campina classified areas in the black box. Areas of green
vegetation are scattered within them, similar to the area indicated with an orange arrow in figure
22b, which is classified as ‘campinarana’. The blue arrow also points to the areas that have been
classified either as ‘water’ or ‘flooded’ and it can be seen that they seem to have a similar
vegetation characteristic to the areas indicated with the red arrows.

a

b

Figure 22: a) Google Earth image over the Aracá white sands area. b) Region highlighted with a
black box from figure 22a. Red arrows point to regions that have been classified as ‘water’ or
‘flooded’ in the classifications. Orange arrow: campinarana, yellow arrow: campina, green arrow:
terra firme, white arrow: flooded vegetation [Source: Google Earth, date: 1969]
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a

c

d

Figure 23: Location: entire Aracá region a) ALOS PALSAR HH-polarization mosaic during wet season,
2010 b) ALOS PALSAR HH-polarization mosaic during dry season, 2010 c) ALOS PALSAR HVpolarization mosaic during wet season, 2010 d) Sentinel-1A VV-polarization during wet season, 2015.
The inundated vegetation along the river channels in (a) are clearly visible but are absent during the dry
season in (b). Areas where the yellow arrows are pointing show a change in backscatter between the wet
and dry seasons. No inundation patterns observed in (c) or (d). [Source: ALOS PALSAR and Sentinel1A]

In the optical data (figure 21), the areas where the red arrows are pointing are visually different
than the campina areas. However, looking at the SAR datasets, these regions with the red arrrows
show backscatter values that are similar to the campina areas depending on the season,
polarization and wavelength. Figure 23a shows the HH-polarization characteristics of L-band
SAR data. HH-polarization is sensitive to inundated areas so the double-bounce effect from the
surface of the water to the tree trunks causes higher backscatter signatures. The areas indicated in
yellow show very low backscatter (values suggesting open water areas which have a value of
around -23dB in HH-polarization). Looking at these same areas in figure 23b, they have a higher
backscatter value, and the presumed open water areas have now disappeared. The average
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backscatter values obtained in some of these areas (-9.58dB) now have values resembling more
that of campinarana areas (-8.13dB). Since the two figures show the wet and dry season, the
change might indicate a temporary water body with underlying white sand vegetation.
Furthermore, when classifying the entire Aracá area using the decision trees, the locations
indicated by the arrows show more variation in texture compared to the supervised classification
where these regions are classed as either being predominantly flooded or being campina
vegetation depending on whether the wet and/or dry season layers are used in the tree.
C-band data also seem less useful in identifying white sand vegetation compared to L-band data.
The average backscatter values for terra firme, campinarana and campina at C-band wavelength
(VV-polarization, wet season) were -5.76, -6.16 and -7.75 dB respectively. Conversely, at Lband wavelength, HH-polarization, the mean backscatters for the vegetation are -7.16, -5.39 and
-11.70 dB respectively during the wet season. With only 2 dB difference between the tall terra
firme and the shrubby campina vegetation, C-band seems to reach biomass saturation at lower
biomass than L-band, which has a difference of 4.54 dB between the same to vegetation types. In
the paper by Rosenqvist (1996), the comparison between C- and L-band data also showed a
difference in biomass saturation where C-band was found to have a lower threshold for biomass
saturation whilst L-band had a range of reported saturation thresholds. In addition, the
polarization is also an important factor in distinguishing white sand vegetation from terra firme.
The backscatter values for terra firme, campinarana and campina for HV-polarization (L-band)
during the wet season were -12.03, -12.72 and -19.17 dB. Despite being able to distinguish the
campina from the terra firme more clearly than the other polarizations and wavelengths, the
backscatter values for terra firme and campinarana are almost identical, which makes them very
difficult to separate. Therefore, from the datasets used, HH-polarization at L-band wavelength
was the most useful to distinguish different vegetation types.
5.2

Classification Accuracy

The tables below show the results of confusion matrices with the highest percentage accuracy
derived in ENVI, using the baseline map as reference data. The overall accuracy result for the
decision tree was 31%, and for the supervised classification was 30%. The kappa coefficients for
both were negligible (close to zero), which indicates no correlation with the reference data. In
both tables, the water class has zero percent correlation with the water class of the reference data.
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The white sand vegetation is also being misclassified as either being terra firme (TF) or a
different type of white sand vegetation. As water has been classified differently in these data and
the baseline map, degree of misclassification is high. In table 2 for all decision trees, water has
been mostly misclassified as ‘campinarana’ or ‘campina’ and in table 3 it has been misclassified
as ‘campina’. If one looks back at figure 13-15 and figure 16a respectively, the areas which are
classed as ‘water’ in the reference map have been classified as one of the two white sand
vegetation mentioned previously. For all decision trees, the greatest misclassification for ‘terra
firme’ has been ‘campinarana’
However, when visually comparing the classification results with either the Landsat or SAR
images, there doesn’t seem to be such a high degree of inaccuracy to warrant a very low
percentage of accuracy and negligible kappa value. The coarseness of the reference map and the
lack of specific reference points is the greatest factor for the low correlation.
Decision Tree 1
Class
Campina
Campinarana
Water
TF
Total

Reference Data
Campina
11,16
36,91
7,21
44,72
100

Decision Tree 2
Class
Campina
Water
Campinarana
TF
Total

Reference Data
Campina
17.18
0.41
54.75
27.66
100

Decision Tree 3
Class
Campina
Campinarana
Water
TF
Total

	
  

Reference Data
Campina
17.2
54.65
0.45
27.7
100

Campinarana
13,76
37,61
1,69
46,94
100

Water
46.65
0.11
47.72
5.51
100

Water
34,79
42,5
0
22,7
100

Campinarana
26.1
0.8
52.79
20.31
100

Campinarana
26.09
52.97
0.37
20.57
100

Water
46.64
47.65
0.2
5.51
100

TF
13,32
26,26
10,39
50,03
100

TF
40.97
0.02
48.01
10.99
100

TF
40.97
47.88
0.15
10.99
100
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Decision Tree 4
Class
Campina
Campinarana
Water
TF
Total

Reference Data
Campina
17.22
54.59
0.4
27.78
100

Campinarana
26.16
52.74
0.72
20.38
100

Water
46.73
47.64
0.11
5.52
100

TF
41.02
47.95
0.02
11.01
100

Table 2 Confusion Matrix of the decision trees 1-4 using PALSAR HH (wet and dry season)polarizations, HV-polarization and Sentinel-1A VV and VH-polarization data. Water has the greatest
percentage of misclassification, with the majority being classed as one of the two white sand
vegetation classes. The lowest percentage agreement among the 4 trees was decision tree 1 with a 29%
agreement with the baseline map.
ML
Class
Campina
Campinarana
Water
TF
Total

Reference Data
Campina
21,1
40,14
0,03
31,52
100

Campinarana
24,78
38,22
0,08
35,23
100

Water
47,55
30,55
0
21,9
100

TF
24,77
31,87
0,01
32,97
100

Table 3 Confusion matrix of supervised maximum likelihood classification using Sentinel-1A VV and
VH-polarization data. Water has not been correctly classified and has been instead classified as
‘campina’. A high percentage of the ‘campina’ class has been misclassified as ‘campinarana’.

5.3

Seasonality

Other factors that should be taken into account are the seasonality and flooding parameters. The
flood pulse controls the spatial distribution of the biota in a floodplain; which is defined as the
pulsing of the river discharge (Junk et al. 1989, 2010). Streams flood periodically, and large ones
such as the Amazon experiences one flood peak per year. With large river basins, flooding
downstream occurs several weeks after precipitation has occurred upstream (4-6 weeks for the
Amazon). Local precipitation also plays a role during the dry season to shape the growth of
vegetation. Looking at the acquisition dates of the PALSAR and Sentinel-1 images, the
acquisition dates span between end of July and end of August for the wet season and between
end of December and end of January 2010. The Sentinel-1A image was acquired in May 2015.
According to Adeney (2009), the region had the greatest flooding between September and
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October (the end of the wet season) and the least amount of flooding between January and
February at the end of the dry season. From the average taken from 36 rainfall stations in the
basin, the greatest local precipitation occurs around May/June. What this means is that the SAR
images might not be reflecting the peak time of flooding. If the region experiences the maximum
level of flooding in September, some white sand vegetation might still not be inundated and
therefore might have been misclassified as terra firme. Furthermore, as some of the tiles were not
taken on the same date, the flooding pattern might not be the same. Similarly for the dry season,
some areas might still have had some remnants of water, causing subtractions of the dry with the
wet season layer to be erroneous. The comparison of the Sentinel-1A image might also not have
been accurately portraying the wet season for three reasons: 1) The month acquired is 3-4
months different from the PALSAR images and also several months from the reported peak
flood season. 2) The image was acquired five years after the PALSAR image hence there might
be geographic differences in plant distribution and water flow. 3) 2015 was an El Niño year,
hence there might have been less flooding than during a non El Niño year. The lack of
consistency with the various datasets and within datasets might cause inaccuracies during the
classification process. Another point to consider is that the area around the Rio Branco, (that also
includes some of the region under study) will be affected by the Rio Negro, and hence the area is
frequently inundated (Frappart et al. 2005). This might explain how the area to the east always
had greater areas classified as ‘water’ or ‘flooded’ during the various classification methods than
the other areas (i.e. it was not as highly dependent on seasonality as the region to the west).
5.4

SRTM dataset

An SRTM image over the region shows some differences in vegetation height and can help
distinguish terra firme (very light grey/white areas) from white sand vegetation (darker grey
areas). The difference between the campina, campinarana and flooded areas are minimal (~6m)
and would therefore be hard to separate, but the height difference between the terra firme
(75.7m) and white sand vegetation (46.8-47.0m) is significant. One can also see in figure 7 how
the Aracá area is in a dip, surrounded by higher elevation areas. By comparing the image with
the classification maps helps verify some of the prominent terra firme locations and white sand
locations.
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Conclusion/Future Work

The results from this research are not conclusive due to the lack of ground reference data. We
had to resort to comparing a classified map with a map obtained from a paper that was already
coarse in resolution and also not a true representation of the vegetation distribution of the area.
Hence, we do not know quantitatively how successful our classification methods have been as
well as how much more effective they were than classification using optical sensors. However,
when visually comparing the results to the Google Earth images, the classification seems to be
much more accurate than the confusion matrices suggest, and if reference points were available,
the accuracy rate would potentially be much greater than 30%. What was also found is the ability
of SAR data to distinguish a slight variation in vegetation between white sand and terra firme
due to the latter not being inundated. Hence, using seasonal data will help distinguish this.
However, other types of vegetation are prone to inundation, and in order to determine how
effective the current methods are, they will have to be tested in these mixed inundated white
sand/non-white sand areas.
For future work, more sophisticated methods of classification such as Random Forest will be
used to avoid the human error when creating thresholds for nodes. More detailed textural method
will also be done, based on work by Podest et al. (2002), Saatchi et al. (2000), Anys et al (2008),
Soares et al. (1997) and Simard et al. (2000). Furthermore, in papers by Martinez et al. (2007)
and Hess et al. (2003), a parallelepiped classifier was used instead of maximum likelihood to
improve classification. Hence, we will also try this method to determine whether this supervised
classifier will be more effective at separating the various classes. Ground truth data might be
obtained as well as well as potential flooding data from gauging stations, to be able to find flood
patterns in the nearby regions to help in the classification (Rosenqvist et al. 2002). More detailed
temporal data will be assembled to be able to see the change in inundation levels at a greater
temporal resolution as well as more climatic data. Finally, ALOS PALSAR-2 data, which are
now available, will be incorporated as well as the Sentinel-1B data (when data becomes
available). As they are acquiring data in the same year, this might produce different results to the
ones from the previous sensors. The hope is to create a more robust classification algorithm
using all these variables so that it can be applied to other areas of the Amazon Basin for
identification of white sand vegetation.

38	
   	
  

The City College of New York

Assessing the Utility of Imaging Radar for
Identifying White Sand Vegetation Structure

	
  

References
Adeney, J. M. 2009. Remote Sensing of Fire, Flooding, and White Sand Ecosystems in the Amazon. PhD
Dissertation. Doctoral Dissertation, Duke University
Adeney, J. M., Christensen, N. L., Vicentini, A. Cohn-Haft, M. 2016. White-sand Ecosystems in
Amazonia. Biotropica 48(1): 7-23 Review
Anderson, A. B. 1981. White-sand Vegetation of Brazilian Amazonia. Biotropica 13(3): 199-210
Alonso, J. A., Whitney, B. M. 2001. A New Zimmerius Tyrannulet (Aves: Tyrannidae) from White Sand
Forests of Northern Amazonian Peru. Wilson Bull., 113(1): 1-9
Anys, H., and He, D. C. 1995. Evaluation of textural and multipolarization radar features for crop
classification. IEEE Transactions on Geoscience and Remote Sensing, 33, 1170-1181
Araujo, D. S. D., Pereira, O., & Peixoto, A. L. 2008. Campos nativos at the Linhares forest reserve, Espírito Santo,
Brazil. The Atlantic Coastal Forest of Northeastern Brazil. Memoirs of the New York Botanical Garden, 100, 371394.

Borges, S. H. 2004. Species poor but distinct: bird assemblages in white sand vegetation in Jaú National
Park, Brazilian Amazon. Ibis, 146, 114-124
Capurucho, J. M. G., Cornelius, C., Borges, S. H., Cohn-Haft, M., Aleixo, A., Metzger, J. P., Ribas, C. C.
2013. Compining phylogeography and landscape genetics of Xenopipo atronitens (Aves: Pipridae), a
white sand campina specialist, to understand Pleistocene landscape evolution in Amazonia. Biol. J. Linn.
Soc. 110: 60-76
Coomes, D. A and Grubb, P. J. 1996. Amazonian caatinga and related communities at La Esmeralda,
Venezuela: forest structure, physiognomy and floristics, and control by soil factors. Vegetatio 122: 167191
Farr, T. G., et al. 2007. The Shuttle Radar Topography Mission, Rev. Geophys., 45, RG2004.
Doi:10.1029/2005RG000183
Fine, P. V. A., García-Villacorta, R., Pitman, N. C. A., Mesones, I., Kembel, S. W. 2010. A Floristic
Study of the White-Sand Forests of Peru. Ann. Missouri Bot. Gard. 97: 283-305
Frappart, F., Seyler, F., Martinez, J-M., León, J. G., Cazenave, A. 2005. Floodplain water storage in the
Negro River basin estimated from microwave remote sensing of inundation area and water levels. Remote
Sensing of Environment, 99, 387-399
Hess, L. L., Melack, J. M., Novo, E. M. L. M., Barbosa, C. C. F., Gastil, M. Dual-season mapping of
wetland inundation and vegetation for the central Amazon basin. 2003. Remote Sensing Environment 87,
404-428

	
  

39	
  

The City College of New York

Assessing the Utility of Imaging Radar for
Identifying White Sand Vegetation Structure

	
  
Heyligers, P. C. 1963. Vegetation and Soil of a White Sand Savanna in Suriname. N.V. NoordHollandsche Uitgevers Maatschappu, Amsterdam.
Junk, W. J., Bayley, P. B., Sparks, R. E. 1989. The flood pulse concept in river-floodplain systems. Can.
Spec. Publ. Fish. Aquat. Sci. 106, 110-127
Junk, W. J. et al. 2010. Amazonian Floodplain Forests: Ecophysiology, Biodiversity and Sustainable
Management. Ecological Studies 210, DOI 10.1007/978-90-481-8725-6_20, Springer Science+Business
Media B. V
Kellndorfer, J., Walker, W., Pierce, L., Dobson, C., Firtes, J. A., Hunsaker, C., Vona, J., Clutter, M. 2004.
Vegetation height estimation from Shuttle Radar Topography Mission and National Elevation Datasets.
Remote Sensing of Environment, 93, 339-358.
Lillesand, T. M., Kiefer, R. W., Chipman, J. W. 2015. Remote Sensing and Image Interpretation
Martinez, J-M., Le Toan, T. 2007. Mapping of flood dynamics and spatial distribution of vegetation in the
Amazon floodplain using multitemporal SAR data, 108, 209-223
Podest. E. and Saatchi, S. 2002. Application of multiscale texture in classifying JERS-1 radar data over
tropical vegetation. International Journal of Remote Sensing. 23:7, 1487-1506
Prance, G. T. 1996. Islands in Amazonia. Phil. Trans. R. Soc. Lond. B 351, 823-833
Roberts, D. A., Nelson, B. W., Adams, J. B., Palmer, F. 1998. Spectral changes with leaf aging in
Amazon caatinga. Trees 12: 315-325
Rosenqvist, Å. 1996. Evaluation of JERS-1, ERS-1 and Almaz SAR backscatter for rubber and oil palm
stands in West Malaysia. INT. J. Remote Sensing, vol. 17, no. 16, 3219-3231
Rosenqvist, Å., Forsberg, B. R., Pimentel, T., Rauste, Y. A., Richey, J. E. 2002. The use of spaceborne
radar data to model inundation patterns and trace gas emissions in the central Amazon floodplain. 2002.
Int. J. Remote Sensing. Vol. 23, no. 7, 1303-1328
Saatchi, S., Nelson, B., Podest, E., and Holt, J. 2000. Mapping land cover types in the Amazon Basin
using 1 km JERS-1 mosaic. International Journal of Remote Sensing, 21, 1201-1234
Sanford, R.L. Jr. 1989. Root Systems of Three Adjacent, Old Growth Amazon Forests and Associated
Transition Zones. Journal of Tropical Forest Science 1(3): 268-279
Schubert, A., Small, D., Miranda, N., Geutner, D., Meier, E. 2015. Sentinel-1A Product Geolocation
Accuracy: Commissioning Phase Results. Remote Sens, 7, 9431-9449
Simard, M., Saatchi, S., and De Grandi, G. F. 2000. The use of decision tree and multiscale texture for
classification of JERS-1 SAR data over tropical forest. IEEE Transactions on Geoscience and Remote
Sensing, 38, 2310-2321

40	
   	
  

The City College of New York

Assessing the Utility of Imaging Radar for
Identifying White Sand Vegetation Structure

	
  
Soares, J. V., Renno, C. D., Formaggio, A. R., Yanasse, C. C. F., and Frery, A. C. 1997. An investigation
on the selection of textural features for crop discrimination using SAR imagery. Remote Sensing of
Environment, 59, 234-247
Ulaby, F. T., Kouyate, F., and Brisco, B. 1986. Textural information in SAR images. IEEE Transactions
on Geoscience and Remote Sensing, 24, 235-245

	
  

41	
  

